Summary
habitat-in the Australian dataset). In addition, the two datasets include a subset of distinct plant 178 functional traits such as leaf C and P, plant height, canopy width and canopy height in the Australian 179 dataset and leaf dry matter content (LDMC) and relative growth rate (RGR) in the English dataset.
180
Both datasets were originally independently generated and with each study designed to explicitly Australia, but not in English grasslands where they vary little. Detailed information on how plant 185 traits were measured in these two datasets is available in Appendix S1.
186
Soil microbial community
187
Soil DNA was extracted from both sets of soil samples using the Powersoil® DNA Isolation Kit conducted using UPARSE and MOTHUR (Appendix S1). Operational Taxonomic Units (OTU)
193
were picked at 97% sequence similarity in both cases. The resulting OTU abundance tables were 194 rarefied. As these analyses were done together for the Australian and English datasets, OTU 195 identities are directly comparable between them. annual temperature) and soil properties (total C, N and P and pH; Table 1 ).
213
We then used a multi-model inference approach based on information theory and non- properties (total C, N and P and pH) and climate (aridity index and mean annual temperature).
219
Location (latitude and longitude; 
277

Results
278
Microbial and plant attributes in Australia and England
279
The Australia and English datasets varied markedly in fungal and bacterial community composition
280
(Figs. S3-S4). Proteobacteria and Acidobacteria were the dominant bacterial phyla in England, while
281
Actinobacteria was the dominant phylum in Australia (Fig. S4) . In both datasets, the fungal 282 community was dominated by Ascomycota ( Fig. S4) Moreover, using distance-based multi-model inference and variation partitioning modeling,
313
we found that plant attributes explained a unique proportion of the variation in soil microbial 314 communities that was unaccounted for by soil properties, climate or location ( Table 2) . Removal of 315 all plant attributes from these models always resulted in poorer model fit in all cases (∆AIC>2.00).
316
In Australia, our best fitting models selected canopy height, plant cover and leaf P as the major 317 predictors of bacterial community composition and diversity, respectively (Table 2 ). Plant cover,
318
height and width were selected as major plant predictors of the diversity of soil fungi in Australia
319
( Table 2 ). The only exception was the community composition of soil fungi in Australia which was 320 best predicted by pH and Aridity Index, and for which models were not improved by the inclusion of 321 plant attributes (Table 2 ). In England, plant diversity, leaf N and LDMC were selected as major 322 predictors for bacterial composition. The same predictors, but also the cover of N fixers, were also 323 the major drivers of bacterial diversity in this dataset (Table 2) . Finally, plant diversity and leaf N 324 were selected as the major predictors of fungal composition, whereas cover, diversity, RGR and
325
SLA were the best predictors of fungal diversity in the English dataset. the best fitting models (Table 2) were also selected as significant drivers of bacterial and fungal 333 diversity and community composition by our Random Forest analyses (Fig. 3) , thus demonstrating 334 that the identity of the main predictors was robust to the statistical method used.
335
We then used SEM to gain deeper insights on the role of plant attributes and functional traits 336 in predicting the community diversity and composition of fungi and bacteria in two Hemispheres.
337
Each SEM included the predictors of each microbial attribute selected in the best fitting (∆AIC > 2) 338 models described above and in Table 2 . We detected multiple significant direct effects of plant plant cover had a negative direct effect on the diversity of bacteria and/or fungi (Fig. 4) . In Australia,
342
canopy height was the major plant attribute explaining the composition of bacteria (Fig. 4) . In
343
England, plant diversity had a positive effect on the diversity of bacteria and fungi (Fig. 4) . Also, 344 plant diversity and leaf N showed direct effects on the composition of bacteria and fungi (Fig. 5 ).
345
We also identified some indirect effects of location and climate on the composition or in the case of England, the direction and strength of the multiple direct and indirect effects in our
358
SEM were mostly maintained after controlling for management practices by using the residuals of Table S1 . included in our models as independent observable variables, however we group them in the same 719 box in the model for graphical simplicity. All predictors within each both are allowed to co-vary.
720
This does not apply to model in which only one predictor for a given group is included. In this case, This PDF file includes:
13
Appendices S1-S2
14 Table S1 15
Figures S1-S9 
36
The same genus of these plant taxa was present across all plots. A total of 60 soil samples (20 sites x 37 three functional group micro-habitats) were collected in this study. Soil cores were then mixed to (2 mm mesh) and separated into two fractions, one of which was immediately frozen at -80 ºC for molecular analyses.
48
Climate 49 In all cases, we obtained information on mean annual temperature and precipitation (1 km WorldClim. We used Aridity Index (which is positively related to precipitation) rather than mean 54 annual precipitation because aridity includes both mean annual precipitation and potential 55 evapotranspiration, and is therefore a more accurate metric of the water availability at each site.
56
Soil properties
57
For the Australian samples, concentration of soil total organic carbon (C) was determined as 58 described in Delgado-Baquerizo et al. (2016c soil pH was measured in a soil and water suspension with a pH meter.
Plant attributes
66
The Australia dataset includes de novo information on eight plant traits for multiple genus were also present in these plots allowing us to obtain a metric of plant diversity per plot.
82
In England, we used the plant functional trait dataset of de Vries et al. (2012) , which coefficient differs from zero was tested using bootstrap resampling. Bootstrapping is preferred to the 131 classical maximum-likelihood estimation in these cases because in bootstrapping probability 132 assessments are not based on the assumption that the data match a particular theoretical distribution.
133
The goodness of fit of SEM models was checked using the following: the Chi-square test, the Figure S1 . Locations of the sites included in this study for the Australia (n = 60) and England (n 164 ~160) datasets. 
252
(n = ~160) datasets. Significance levels of each predictor are *P < 0.05, **P < 0.01. for graphical simplicity. Significance levels of each predictor are ºP < 0.10, *P < 0.05, **P < 0.01. 
